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Context and scope
Following the widely accepted OECD-Eurostat (2005) definition, innovation refers to all scientific, technological, organisational and commercial activities that lead to, or are intended to lead to, the implementation of technologically new or improved products or services. Innovation and economic performance at firm level are causally linked according to economic theory. To maintain a certain level of productivity and growth firms need to engage and invest in innovative activities. Modelling and analysing the link between firms' economic performance and their innovation activities, including models of technology adoption and diffusion, have been at the forefront of academic research over the last 50 years.
In agricultural economics, academic studies at micro-level have been mainly focused on disentangling the factors for adopting specific technologies and practices and predicting patterns of technology diffusion given a certain sectoral and policy context. Most farm and sector level performance studies conclude in a significant effect on productivity from investments in innovative technologies resulting in positive technological change over time. Others point to the crucial role of economic performance for the probability of investing in innovation and adopting innovative technologies at firm level. These linkages between firm performance, innovation and knowledge accumulation have been also receiving continued attention from researchers working in the area of the agri-food industry following and absorbing some of the work done outside the agri-food sectors. Here the relationship between firm performance, innovation behaviour and R&D remains a major research theme for economists and related disciplines (see Hashi and Stojcic, 2013 , for a comprehensive overview).
Studies that empirically investigate the links between farm level engagement and investment in innovative activities, the actual production of innovation and the development of economic performance are barely available due to the lack of appropriate data. This document contains a farm level analysis using comprehensive panel data on two different farm types for the Netherlands and applying sound microeconometric modelling. A structural multi-stage modelling framework is developed to measure the dynamic link between innovation behaviour and economic performance at farm level. The first step aims to explain the decision of the farmer to innovate (the innovation decision function), the second step relates to the innovation input used by the farm (the innovation investment function), and the third step focuses on the output side of the innovation production process (the knowledge production function). Finally, the fourth modelling step consists of the production stage with knowledge as an input (the output production function). The basic model is based on the well-known CDM approach (introduced by Crepon, Duguet and Mairesse, see Crepon et al., 1998; Griffith et al., 2006; and Hashi and Stojcic, 2013) and captures the main features of farm behaviour, is parsimonious in parameters to be estimated and empirically tractable given the data at hand.
This report is structured as follows: Section 2 presents a comprehensive literature review on the link between firm and farm level performance and its innovation behaviour including technology adoption and diffusion. A multi-stage modelling approach and analytical structures are proposed in Section 3. Section 4 outlines the actual empirical application; Section 5 presents and discusses the estimation findings; and Section 6 concludes.
Literature review of micro-level approaches and conceptual considerations
The link between farms' economic performance and their innovation (or technology adoption) behaviour has been at the centre of academic and policy interest for decades (Sunding and Zilberman, 2001; Zilberman et al., 2012; Alston and Pardey, 2016) . The seminal work by Griliches (1957) views the adoption of innovative technology as a process of imitation between different individual farmers. An alternative approach, the threshold model of adoption, was introduced by Davis (1979) . This approach is based on the assumptions of explicit micro level behaviour, heterogeneity among individual units and a dynamic process of individual learning and resource accumulation leading to a gradual diffusion of technology adoption over time (Feder et al., 1985) . Another strand of early contributions to the literature (Feder and Umali, 1993 ) makes use of expected utility modelling focusing on the identification of size effects, risk preferences and variations in human capital as potential factors for technology adoption choices. One stream of studies empirically investigates technology adoption and diffusion taking into account farmers' perceptions with respect to the risk of future yield (Yaron, Dinar and Voet, 1992; Kim and Chavas, 2003) . These studies conclude that technological progress and investments in innovation significantly contribute to reducing the exposure to risk and downside risk over time. Sauer and Zilberman (2012) simultaneously model the effects of risk, social interaction, past innovation experiences by considering also the sequential implementation structure of the adoption decision. Their findings confirm previous studies according to which education-based peer-group behaviour, technology density and a positive impact of previous innovation experiences have a significant positive effect on the innovation process at farm level. Hence, a dynamic linkage between farm performance and innovation has been found (Alston and Pardey, 2016) .
In a comprehensive review of recent empirical literature on the drivers for dairy farms' performance Sauer (2014) found that most studies conclude in a significant positive productivity effect by investments in innovative technologies resulting in positive technological change over time (see also Appendix Table A1 ). Technical change is regarded as the main driving force for changes in productivity and efficiency over time (countries Denmark, Finland, Germany, Iceland, the Netherlands, Poland, Ireland, Spain, the United States) followed by policy related factors (Germany, Denmark, the United States, the Netherlands, Finland, Norway, and Australia). Intensification of dairy farming operations (Australia), the realisation of economies of scale (Denmark, Ireland, Turkey) and innovative practices (Australia) are found to be also of high relevance regarding the explanation of change in productivity. However, it has to be noted that technical change and innovative practices are not always clearly defined or differentiated. Further, improvements in input quality, for example, genetic improvements (Iceland) are reported as effective productivity catalysts. Climate change related environmental changes (United States) can also be regarded as effective drivers for an increase in productivity as well as the improvement of human capital by education and extension services (Germany, Turkey). An increase in debt has been found to lower productivity change (Denmark), off-farm income on the other hand has been found to enhance productivity at dairy farm level (Denmark). Finally, allocative components are named as a significantly positive productivity driver (Netherlands) whereas the differentiation from policy related factors is not clear-cut. Mayen, Balagtas and Alexander (2010) investigated the productivity and efficiency of organic and conventional dairy farms in the United States. Based on propensity score matching and stochastic frontier techniques and using a cross-section for 2005 the authors reject the homogeneous technology hypothesis and find that the organic dairy technology is approximately 13% less productive. Technical change was concluded as the main productivity driver. However, little difference in technical efficiency between organic and conventional farms was found. Cuesta (2000) analyses the technical efficiency of dairy farming in Spain by means of a stochastic frontier analysis using a balanced panel of farms for the years 1987-1991. The author finds a negative trend in technical efficiency over the period investigated but a positive trend in technical change, hence a net improvement in productivity of about 1% per year. Bruemmer et al. (2002) estimate and decompose productivity growth of dairy farms in Germany, the Netherlands and Poland for the period 1991-94. Applying a distance function approach they found that the growth in productivity in Germany and Poland (−5%) has been mainly dictated by the technical change component. In contrast, the productivity growth in the Netherlands has been mainly influenced by allocative efficiency components. Based on a stochastic frontier approach and a subsequent analysis of dominant effects Sipilaeinen and Heshmati (2004) found an average productivity growth of about 1% per year over the period 1989-2000 for Finnish dairy farms. Technical change is identified to be the most important source of productivity growth, whereas technical efficiency does not vary systematically over time. Nossal and Sheng (2010) investigate trends and drivers of productivity growth in Australia for . They emphasise that the temporary slowdown in dairy productivity was likely an outcome of poor seasonal conditions and limited resources as well as a resulting decline in input quality. The adoption of new technologies and management systems are found as the major driver for a growth in milk yields. Productivity development over time has been found to mainly increase labour related productivity.
Sipilaeinen (2008) investigates components for productivity growth in Finnish agriculture over the period 1990-2000. His analysis results in an average annual growth rate of about 0.9% to 1.2% depending on the modelling approach applied. The report concludes that technical change has been the main contributor to productivity growth on dairy farms, noting a significant negative productivity effect by the scale of operations. Policy changes as well as technical changes have been found to boost the efficiency and finally productivity of dairy farms in Germany and the Netherlands (Emvalomatis et al., 2011) . The authors use a stochastic distance function modelling approach to measure a dynamic variant of dairy farms' efficiency. Using a panel of farms for the years 1995-2005 the persistence of inefficiency is measured and the study concludes that in the presence of adjustment costs the optimal strategy for a dairy producer could be to remain partly inefficient at a given point in time. Sauer and Latacz-Lohmann (2014) investigate the link between innovative investments and productivity by means of a stochastic distance frontier approach and Luenberger index formula. Using a large scale panel dataset for German dairy farms (1996-2010) they find that investments in innovative technology increase the productivity of dairy production by shifting out the production frontier. The findings further imply that investments in innovative dairy technologies require a sufficient level of complementary education to trigger also an increase in efficiency at farm level. The quality of human capital in terms of educational training seems finally crucial for a lasting increase in efficiency as a result of innovation. Finally, Slade and Hailu (2016) study the cost efficiency of dairy farms under two different regulatory regimes and conclude that differences in cost efficiency are primarily explained by allocative decisions: farms in the more regulated environment are overcapitalised and overly reliant on homegrown feed due to lacking incentives for further process optimisations.
On the other hand, there are numerous empirical studies that emphasise the crucial role of farm performance for the probability of adopting new innovative practices and technologies in dairy production. Zepeda (1994) estimates a system of equations for the adoption of several technologies and a sample of Californian dairy farmers. The results illustrate the joint dependence of the endogenous variables productivity and adoption. By applying Granger-causality testing procedures, Weersink and Tauer (1991) found that for US farms there is a causality between herd size and more productive technology with the latter caused by the former. The authors conclude that economic factors and other factors leading to structural changes may lead to larger dairy farms which are then in a position to adopt new technologies. Foltz and Chang (2002) investigate the adoption of rbST (recombinant bovine somatotropine) in Connecticut milk production and conclude that the scale effect is significant with respect to the adoption probability. Younger and more educated farmers owning larger dairy herds are more likely to use rbST. McBride et al. (2004) revealed that larger farms in the US adopted the highest percentage of automatic milking units and were the most likely to employ a nutritionist and to use rbST. Barham et al. (2004) further explore the dynamics of rbST adoption for Wisconsin farms and confirm that larger and more productive farms with complementary feeding technologies are more likely to adopt rbST. Applying a hazard function approach, Abdullai and Huffman (2005) find that in addition to herd size, positive externalities between neighbouring farms as well as superior market access also play a significant role in determining the adoption of crossbred-cow-technology among Tanzanian farmers. Rahelizatovo and Gillespie (2004) examine the adoption of best-management practices on Louisiana farms using a count data modelling approach. Their empirical results support the notion that larger, more productive dairy operations are more intensive adopters of technology. Kumbhakar et al. (2009) jointly estimate the choice of technology and the level of technical efficiency for dairy farms in Finland. Their findings suggest that technology choice is endogenous and that production efficiency affects technology choice decisions as such efficiency affects output as well as innovation behaviour. Khanal et al. (2010) find that empirically sorting out the link between farm performance and technology adoption has to account for the effect of other technologies using proper corrections for selection bias. Finally Khanal and Gillespie (2013) confirm previous findings for the US by concluding that higher net returns over total costs are significantly associated with the adoption of artificial insemination (AI) techniques and that adopters are run by relatively younger and more educated farmers that also produce more milk per cow than non-adopters.
Outside of dairy production not many empirical studies exist that aim to measure the links between technology adoption, innovation and farm performance. No study that investigates the dynamic linkages between innovation behaviour and performance has been found. The majority of empirical studies that investigate sources of productivity growth decompose a growth index into efficiency changes, technical progress, and scale components without explicitly including innovation activities. Here, technical change is identified as the main contributor to productivity growth (Hadley et al., 2006; Karafillis and Papanagiotou, 2011; O'Donnell, 2012; Läpple et al., 2015; Xayavong et al., 2015) . Karafillis and Papanagiotou (2011) construct an innovation index based on farmers' uptake of different innovative technologies and farm practices. Olive farms in Greece reaching higher innovation scores also tend to show higher scores in total factor productivity. Diversification with respect to innovations has been found to positively contribute to farm performance in Xayavong et al. (2015) . Läpple et al. (2015) develop an index that goes beyond measuring innovation through adopted technologies, adding indicators for knowledge acquisition and renewal of machinery.
The linkages between firm performance, innovation and knowledge accumulation have been, however, receiving continued attention by researchers working in the area of the agri-food industry. For example, Knudson et al. (2004) note that an appropriate theory of innovation and entrepreneurship still needs to be developed for the agri-food industry. This holds especially with respect to a conceptual framework that enables to understand, identify, and develop entrepreneurs. Traill and Meulenberg (2002) study twelve foodmanufacturing companies in six European countries and conclude that firms have a dominant product, process or market orientation, that determines also the types of innovation accorded most importance as well as the way in which innovations are organised and realised. Henson and Traill (2000) find seven clusters of firms distinguished not only by their emphasis on product and process innovation but also by their international focus, distribution channels, and size of market. They conclude that innovation promotion by public policy should therefore offer different packages of incentives depending on type of company and innovation. Furtan and Sauer (2008) investigate empirically the determinants of firms' performance in the Danish agri-food industry with a particular emphasis on innovation. However, the authors find no significant relationship between the innovative activity of a firm as measured by the number of products introduced, and the size of the firm. Further, no significant influence of new product introductions on value addition has been found in this study. Capitanio et al. (2009 and 2010) find that for the Italian agri-food sector innovation behaviour follows different patterns whereas the probability of introducing product innovation is influenced by the quality of human capital, the geographical context and also the age of the firm. Process innovation showed to be related more to the financial structure and the size of the firm whereas for product innovation the capacity to build relationships on the relevant markets seems key for success. Finally, Karantininis, Sauer and Furtan (2010) deal with the link between innovation behaviour, vertical market integration and firm networks. Their empirical results for Denmark indicate that organisation, integration as well as contractual arrangements, are key determinants for a firm's innovation behaviour. Economies of scale play an important role as does the firm's orientation on export whereas the sector the firm is operating in shows not to be of crucial relevance for its innovation behaviour (Ghazalian and Fakih, 2016) . Much of the standard literature, hence, focuses on R&D investment as opposed to more detailed empirical analyses of the innovation process within firms or farms. This might be due to the long-term nature of the process and the requirement of rather long time series of fairly consistent data at the firm or farm level. Further, the development of public agricultural research systems to overcome the suboptimal investment in agricultural innovation at the micro level contributed to this bias in the innovation related literature for the agricultural sector.
Beyond the agri-food sector, the relationship between firm performance, innovation behaviour and R&D remains a major research theme for economists and related disciplines (e.g. Hashi and Stojcic, 2013 for a comprehensive overview). Early studies predominantly reported a positive relationship between innovation and measures of firm performance (in most cases R&D expenditure, see e.g. Griliches, 1986 and Lichtenberg and Siegel, 1991 , for the United States, Goto and Suzuki, 1989, for Japan, Wakelin, 1998 , for the United Kingdom). Other studies, however, stress the inadequacy of R&D expenditure as an input-oriented measure for innovation activity as the latter also encompasses learning-by-doing, embodied knowledge or human capital enhancement and also ignores the actual process of innovation, co-operation, firm size or timing (OECD-Eurostat, 2005; Kemp et al., 2003; Hall and Mairesse, 2006; Bessler and Bittelmeyer, 2008) . Empirical modelling progress subsequently led to a new generation of models aiming to capture the complexities of the innovation process (Crepon et al., 1998; Hall and Kramarz, 1998; Loof and Heshmati, 2002 and 2006) .
According to these efforts the innovation process consists of four stages: (i) the decision to innovate, (ii) the decision on the level of innovation activities, (iii) the conversion from innovation expenditure/input to innovation output, and (iv) the relation between innovation output and actual firm performance. Assuming a one-directional causality from the decision to innovate to firm's performance these stages can be sequentially estimated by incorporating various firm, industry or institutional characteristics depending on the dataset at hand.
The first two stages, however, are jointly estimated in systemic approach as in many cases the same explanatories are used in both stages (i.e. the decision to innovate and the decision on how much to invest in innovation). As innovation input, R&D investment is mainly applied in absolute or relative (intensity as the ratio to total sales turnover) terms. Previous R&D are considered as potentially explaining factors, predominantly firm size, export intensity, human capital, forms of co-operation, and public support. The effect of firm size (most commonly measured by number of employees) has been found to be ambiguous which might simply reflect industry-specific characteristics (Cohen and Klepper, 1996; Klomp and Leeuwen, 2001; Loof and Heshmati, 2002 and 2006; Kemp et al., 2003) . Export intensity has been found to positively influence the decision to innovate, however, it has to be noted that the characteristics of the foreign market is essential. Furthermore, the socio-economic environment that the firm operates in is likely to be significant in terms of access to finance, institutional support, cultural values, cooperation with research entities etc. (Klomp and Leeuwen ,2001; Loof and Heshmati, 2002 and 2006; Kemp et al., 2003) . It is relevant to note that the decision to innovate (stage i) also might be influenced or triggered by more psychological and/or sociological processes, factors or effects. Hence, this points to the need for more behaviour-oriented surveys and empirical studies on individual decision making and planning in the area of innovation at the micro level.
The third stage -the transformation of innovation inputs to innovation output -is commonly modelled by testing factors, for example, co-operation, previous innovation experience, financial constraints, organisational characteristics, etc. (Klomp and Leeuwen, 2001; Kleinknecht and Oostendorp, 2002) , although the empirical findings show a significant variation in the magnitude and direction of the effect. Innovation output can be measured by product and/or process related innovations whereas in most studies product related innovation is exclusively considered based on the share of turnover from new products, number of patents and new product announcements (Klomp et al., 2002; Loof and Heshmati, 2002) with sales of new products regarded as the most robust measure most adequately capturing the entire innovation process. Empirical evidence, however, on the influence of innovation input on the actual production of innovation output is mixed which holds also with respect to the impact of process-related factors.
To finally approximate the relation between innovation output and actual firm performance in the fourth modelling stage, most common measures for performance are productivity, sales, export revenues and profits (Bessler and Bittelmeyer, 2008) . Here, most empirical studies reveal a positive and significant relationship between innovation and firm performance: e.g. Loof (2000) using sales of new products per employee and either employment growth, value added per employee, sales per employee, operating profit per employee or return on assets; Loof et al (2001) with respect to productivity; Bessler and Bittelmeyer (2008) found that innovation only leads to a temporary advantage for firms with a diminishing effect in the long run. As other significant controlling factors firm size and age as well export intensity, foreign ownership and co-operation are reported (Griffith et al., 2004; Chudnovsky et al., 2006; Raffo et al., 2008; Crespi and Zuniga, 2011; Hall et al., 2013) .
According to this stream of thought innovation refers to all scientific, technological, organisational and commercial activities that lead to, or are intended to lead to, the implementation of technologically new or improved products or services (OECD-Eurostat, 2005) . Innovations in the form of technology, organisation and human capital influence the behaviour of economic agents in a new way to enhance the firm's economic performance by an increase in productivity, efficiency, or profitability. Innovations in the form of new products lead to the expansion of the firm's operations into new market segments (Hashi and Stojcic, 2013) . Whereas the traditional view has been that innovative firms only experience a transitory performance effect as knowledge quickly diffuses and is imitated by rivals (Knight, 1921) , more current evidence suggests that innovative firms are able to reap economic benefits over a considerable period of time (Loof and Heshmati, 2006 ). Schumpeter's (1942) original thesis of creative destruction suggests that the entrepreneur's search for change is the main driver for innovation. However, later Schumpeter also recognised the role of human and financial capital accumulation in large firms as a prerequisite for innovation. The evolutionary model (Nelson and Winter, 1982) further suggests that firms have to upgrade existing routines by innovation to maintain a superior market position. The endogenous growth literature considers the simultaneity between innovation and performance (Aghion and Howitt, 1998) where incentives to innovate are closely linked to the performance of the institutional framework. Klette and Griliches (2000) finally suggest a multi-stage model of firm behaviour arguing that innovation essentially enhances product quality independent of firm size but crucially linked to the positioning in the market, demand structure and institutional setting. The empirically testable multi-stage model of innovation behaviour (Crepon et al., 1998) captures this theoretical evidence tracing the innovation process from a firm's decision to innovate to its performance.
Empirical and econometric framework
Based on the most current literature, a structural multi-stage modelling framework is formulated to measure the dynamic link between innovation behaviour and economic performance at farm level. The first step aims to explain the decision of the farmer to innovate. A farm is considered as having done an innovation decision if the farm showed any innovation activities (the innovation decision function) related, for example, to in-house R&D, outsourced research and advice, training courses, certification, market introduction, patents, trademark registered, plant variety rights, etc. The second step relates to the innovation input (or intensity) used by the farm which is approximated by the actual expenditures on the above mentioned innovation activities (the innovation investment function). The third step focuses on the output side of the innovation production process (the knowledge production function) whereas innovation output is measured either by realised product, process or organisational/marketing (OM) related innovation. Finally, the fourth modelling step consists of the production stage with knowledge as an input (the output production function) and output approximated by several different measures, for example, total factor productivity or relevant partial input productivity measures. The model is based on Crepon et al. (1998) , Griffith et al. (2006) and Hashi and Stojcic (2013) and captures the main features of farm behaviour, is parsimonious in parameters to be estimated, and empirically tractable given the data at hand.
The econometric implementation of this structural model is hampered by potential bias related to selectivity and simultaneity. Selectivity bias may arise due to the fact that not all farms report or actually engage in reportable innovation activities. Simultaneity bias may arise due to the fact that many potential factors may (endogenously or exogenously) influence a farm's decision to innovate, its level of expenditure on innovation, and its final production performance. The proposed multi-stage model addresses these issues by considering a selection corrected form of estimation for stages one and two, and also by linking stages three and four (i.e. innovation input and output, production output and innovation output).
Following Griffith et al. (2006) the model is estimated for all farms in the sample of Dutch farms meaning that predicted values are used for all farms to proxy innovation effort in the knowledge production function. This reflects the well-known fact that all farms exert some innovative effort but not all farms report this effort and assumes that the process of innovation investment and knowledge production is the same for all (reporting and non-reporting) farms. For example, farmers may well spend a fraction of their working time per day to consider how the processes they are working on could be further optimised in terms of resource efficiency etc. (innovative effort). However, below a certain threshold a farm will not bother to report this effort as actual innovation related activity. Nevertheless this effort leads to the production of knowledge. Knowledge output is allowed to take several forms including product, process and marketing innovations based on the assumption that such innovative effort can be considered as a public good within the farm used to produce several outputs without depletion.
The first stage -the innovation decision -is based on the concept of innovative effort. Formallyabstracting from variation over time -we can write this equation as follows where i = 1, N index farms, d i * as an unobserved latent variable approximating innovative effort, and z i of determinants of innovation effort, β as a vector of parameters to be estimated, and e i as a stochastic error term:
If we estimate equation [1] based on the actually observed innovative effort in terms of reported expenditures we create potential selection bias. To adequately address this issue we instead assume the following selection equation describing whether a farm is pursuing (or reporting) innovation related activities or not (see Griffith et al., 2006 ):
with da i as the observed binary endogenous variable equal to zero for non-innovation activities and one for innovation activities pursuing or reporting) farms, da i * as the corresponding latent variable indicating that farms decide to pursue (or report) innovation activities if the variable is above a certain threshold level tl, w as a vector of variables explaining the innovation decision, α as a vector of parameters of interest and ε i as error term.
The second stage -the innovation investment -is conditional on the first stage, i.e. on farm i pursuing (and/or reporting) innovation activities. We can observe the amount of resources invested in innovation related activities and state
Equation [2] and [3] are estimated as a generalised Probit model based on a maximum-likelihood and Heckman procedure to account for potential selectivity bias assuming bivariate normal error terms with zero mean, constant variances and not correlated with w and z indicated by the correlation coefficient ρ eε .
The third stage -the knowledge or innovation production -can be described by
with k i as knowledge proxied by product, process, marketing or organisational innovation indicators, and the latent innovation effort d i * entering as explanatory variable, x i as a vector of other determinants of knowledge production, γ and δ as parameters to be estimated, and finally u i as an error term. Equation [4] can be estimated as separate probit equations based on product, process or marketing innovation indicators or as a system of equations simultaneously estimated by appropriate maximum-likelihood techniques. The farms' innovative effort is considered by including d i * as the predicted value from equations [2] and [3] . Hence, equation [4] is estimated for all farms, not only for the sub-sample of those farms reporting innovation activities. Incorporating the estimated value for d i provides for an instrument of the innovation effort and therefore accounts for potential endogeneity with respect to the effect of unobservable farm characteristics in the knowledge production process.
The final stage -the output production -is approximating the farm's performance based on
where y i is a performance indicator as e.g. a total factor productivity proxy based on non-parametric index calculations, k i as the knowledge input proxied by the product, process or marketing innovation indicators based on equation [4] , p i ' as a vector of determinants and c i ' as a vector of controls for the productivity level of farm i, and finally v as an error term. Potential endogeneity with respect to k i is accounted for by using the predicted values from the knowledge production function. Such a specification could be estimated by a generalised Tobit or other suitable estimator.
The outlined structural model can be estimated by a three-step procedure (e.g. Griffith et al., 2006) Loof and Heshmati, 2006 or Hashi and Stojcic, 2013) to account for potential endogeneity issues regarding innovation output as an input to production. Furthermore, if innovation effort is not predicted and incorporated for the full sample (and only for the reported innovators) then potential selection bias can be addressed by obtaining the Mill's ratio from equation [2] (the innovation investment stage) and include it as an explanatory in equation [3] (the innovation output stage).
Due to data limitations and software availability we finally estimate in stage I a random-effects Probit model with year and farm related fixed effects based on a Heckman procedure which provides us with estimates for innovation investment intensity per farm and year. The latter are then incorporated along other explanatory variables in stage II as part of the innovation/knowledge production functions separately estimated as random-effects Probit models. Finally, innovation related estimates produced by stage II estimations are incorporated in the various output production models estimated in stage III of our structural modelling procedure. Here different partial and total productivity measures are used and in addition a production theory based average production function, as well as a frontier production function, are estimated. We apply the Arellano-Bond type dynamic panel data estimator as well as a stochastic frontier type estimator. All estimation models are based on Jackknife clustered resampling techniques (either based on years, farm or region) to ensure the robustness of the results. We further use various other robustness checks, for example, Wald testing procedures for the joint significance of demand pull, confidence, development, innovation, technology, regional and year related variables, autocorrelation tests and pseudo R-square measures.
Empirical implementation: Data and variables
This study takes advantage of the data from the LEI innovation survey conducted by the Wageningen Economic Research (former Landbouw Economisch Instituut, LEI). The data sets span the period 2004 to 2014 and cover 455 dairy farms and 574 arable farms in the Netherlands. The innovation data is complemented by production and technology data based on the Farm Accountancy Data Network (FADN) also maintained by LEI. The latter is a stratified sample of about 1 500 farms operating in the Dutch agricultural and horticultural industries. It covers detailed information on costs, sales, technology and other socioeconomic characteristics of farms and farmers on a yearly basis. Farms monitored by the FADN were asked to complete the innovation survey related questionnaire consisting of different sections on realised innovations, innovation activities, organisation of marketing, business confidence and cooperation.
According to the analytical framework outlined above we consider the following dependent variables for our estimations (Table 1) . To model the decision of the farm manager to engage in innovation a binary variable is used, carrying the value 1 if there had been some innovation activities and 0 if there were none in the respective year. To approximate the resources that are invested by a particular dairy or arable farm in (product, process and/or organisational/marketing related) innovation a continuous variable is used based on the amount invested in euros actually reported by the farm in the respective year. To model the production of knowledge/innovation in stage III a binary variable is applied carrying the value 1 if the farm reported a product, process and/or organisational/marketing related innovation in the respective year. Finally, to approximate the contribution of knowledge/innovation to the production of economic output (milk etc.) various continuously measured partial and total performance/productivity indicators are applied (observed indicators: output per labour, output per cow, output per land, non-parametrically estimated indicators: total factor productivity). The survey used in this study defines product innovations as "(…) products (for marketing) that are new or significantly improved with respect to the base features (a new product), technical specifications, features such as taste, colour, race, for example, packaging or the usability or durability. The innovation must be new for the company; the innovation does not necessarily need to be new for the market." Process innovations are defined as "(…) new or significantly improved technologies in clear, and new or improved methods for the manufacture and supply of products (and services). Consider, for example, new machines, installations, stables or greenhouses and accessories, or computer systems. The innovation must be new for your company, but does not necessarily need to be new to the market or the sector." Finally, the survey defines organisational and marketing innovations as related to "(…) business organisation and management, as offices opened in the Netherlands or abroad, new company was established, set up new partners in company, a manager of an undertaking or manager, change of legal form (for example, membership, general partnership, private company). Marketing, as a new form of packaging of products, clearly for the first time or new contracts/agreements with customers, or modified by sales channel, start home sales. New partnerships for example, establishment or membership of, a marketing organisation (such as producer organisation), study club or other entrepreneurial network; cooperation with educational institutions (such as internships and presentations). Quality Assurance, new certification or quality marks." (LEI, 2012) . Figure 1 shows the average annual gross and net investment per cow for all dairy farms in the sample, Figure 2 reports these figures per ha land for arable farms in the sample. Figure 3 compares the investments in innovation related activities by dairy and arable farms in the period investigated whereas Figure 4 shows the share of dairy and arable farms that report a product, process and/or organisational/marketing related innovation. Finally, Figure 5 reports the partial labour productivity for dairy and arable farms in the samples. As the descriptive statistics indicate (Table A2 ) the relatively low number of product innovations realised in the period considered suggest a careful interpretation of estimations related to this type of innovation.
It is evident that investment per dairy farm has been the highest in the years 2008 and 2009 and for arable farms in the years 2012 and 2013 partly due to price developments and prospects. Over the period investigated the (reported) investment in innovation related activities per farm and year has been increasing on average. This positive trend has been more consistent for dairy farms compared to arable farms. Considering the shares of farms that actually report product, process and/or organisational/marketing innovations, Figure 5 reveals that the largest share of dairy and arable farms pursues process related innovations (11.6% of all dairy farms and 16.7% of all arable farms). On average per year about 6% of all dairy farms and nearly 8% of all arable farms report organisational/marketing related innovations and about 1.2% (dairy) and 1.8% (arable), respectively, report finally product related innovations. Considering further the productivity development of the farms in the samples over the period investigated the simple partial labour productivity indicator suggests that arable farmers produce a higher total gross output (sales) per labour unit than their colleagues engaged in dairy production (on average EUR 77 per hour labour versus EUR 111 per hour labour). This means an increase in output per labour of about 110% (dairy) and about 140% (arable) over the period considered. Table A2 gives summary statistics on all variables used in the different estimation stages. Those variables are grouped according to the underlying core hypotheses being tested. First, the potential effects of demand pull factors related to regulation and standards as well as aspects related to environmental, health and safety aspects with respect to products, processes and organisation or marketing of the dairy and arable operation. Further, the source of information related to the particular innovation is important for the intensity of innovation and also the production of knowledge. Given the survey data it is possible to distinguish several sources for product and process development (own, other, and co-operative). Co-operation with other businesses along the supply chain should impact innovation behaviour and performance. If a dairy or arable farm sells output via marketing contracts could also impact its engagement in innovation activities. If some form of innovation protection -such as certification, trademark, plant breeding labelling, or a patent -is applied should also incentivise more innovative activities at farm level. The effect of public support on the level and intensity of innovation at farm level is also investigated. Unfortunately, in the LEI innovation survey information is only provided as to how far the farmer has been aware of existing as well as relevant innovation related funding sources. Confidence in the development of the dairy or arable business and the wider sector should stimulate investments in innovative products, processes and marketing. According to the survey, it is possible to test for the effects of short-term versus long-term business confidence at the farm level. Furthermore, various economic and financial characteristics are controlled for and also technology aspects with respect to the individual farm operations, namely gross assets, off-farm income, size, production system, and production technique. Individual farmer characteristics -age and education -should also influence the level and productivity of farm level innovation. Finally, location and time related indicators are considered to control for largely unobservable effects by farm location, the timing of the survey conducted as well as other assumed policy and climate or animal health and crop pest related events.
Results discussion and implications
This section summarises the estimates for the different structural modelling steps: the innovation decision, the innovation investment, the knowledge or innovation production and the output production. Unbalanced panel data are used to consider issues of selectivity, simultaneity and endogeneity as well as dynamic aspects to a limited extent. However, great care has to be taken in interpreting the results, these do not necessarily suggest causal relationships. Table 2 summarises estimates for the determinants of whether a farm undertakes investments in innovation (generally referred to as R&D) and, if so, how much investment. The first and third columns of the table show estimates of such determinants of whether a dairy or arable farm engages in innovation investment in the period 2004-14. The second and fourth columns in Table 2 show the corresponding estimates of the determinants of how much farms invest in innovation conditional on doing innovation investment at all. The numbers reported are marginal effects at the sample means for the probability of investing in innovation and marginal effects for the expected value of the innovation intensity conditional on investing in innovation at all, respectively. Estimates for the knowledge or innovation production functions are reported in Table 3 for dairy and arable farms. The first and fourth columns show the results for product related innovation, the second and fifth for process related innovation, and finally the third and sixth columns show the results for organisational and marketing innovations. The numbers reported are marginal effects evaluated at the sample means (i.e. changing the value of binary dummy variables from 0 to 1). Finally, the estimates are reported for the productivity functions (Table 4 ). The coefficients summarised in Table 4 represent elasticities or semielasticities since the dependent variable is specified in log form (i.e. the log of output per labour, the log of output per cow, and the log of output per ha land).
The first stage of the structural model delivers estimates for the determinants of whether a farm undertakes investments in innovation and, if so, how much investment. The first and third columns in Table 2 ("engage in innovation") show estimates of such determinants of whether a farm engages in innovation investment in the period 2004-14. The numbers reported are marginal effects on the probability to engage in innovation at all. Many of the explanatory variables are binary dummy variables taking the value 1 when the factor is important to the farmer's decision or used in the farm's production process (Table A2. ) and the value zero if it is unimportant or not used. Therefore, the "marginal" effect relates to a change in the binary variable from 0 to 1.
Demand pull related factors show a strong positive effect on the probability to engage in innovation at farm level for both dairy and arable farms. The marginal effect by environmental, safety and/or health aspects related to the production showed to be significant (by about 7% and 6% compared to other dairy or arable farms for which such aspects are not relevant, conditional on the mean values of all other explanatory variables). The marginal effect of regulation and standards related to production and products showed to be significant only with respect to dairy production (by about 7% again conditional on the mean values of all other explanatory variables). This might be due to the fact that changes in crop regulations are more gradual and are therefore hard to capture empirically. Farms in the sample that co-operate with knowledge producing institutions (universities, research institutes etc.) are significantly more likely to engage in innovation (by about 21% compared to other arable farms in the sample and by about 6% compared to other dairy farms in the sample). Co-operation along the supply chain (vertical and/or horizontal) shows a mixed (but insignificant) effect on the probability of engaging in innovation activities for both dairy and arable farms. Arable farms that sell (parts or all of) their products via marketing contracts show a lower probability of engaging in innovation activities at farm level (compared to their colleagues not using such contracts). This might be related to the positive impact found for own product/process development activities with respect to innovation intensity (see below). Farms that use contractual arrangements might have a lower incentive to engage in own (non-co-operative) product/process development activities. Values reported refer to marginal effects (applying the Delta method at the sample mean) for the probability of investing in innovation and for the expected value of innovation intensity conditional on investing in innovation at all, respectively. Robustness of the estimates has been further confirmed by an IV regression. * significant at 10%, ** significant at 5%, *** significant at 1%. 
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Random Effects Probit Estimation 2004-2014
Notes: Standard errors in parentheses are robust based on 14 Jackknife replications clustered by region. The choice of the RE estimator is based on a standard Hausman test formula. Values reported refer to marginal effects (applying the Delta method at the sample mean) for the probability of realising product innovations, process innovations and/or organisational/marketing innovations, respectively. Robustness of the estimates has been further confirmed by an IV regression and the test for lagged explanatory values with respect to investments.
OM: organisational-marketing; * significant at 10%, ** significant at 5%, *** significant at 1%. Due to the relatively low number of observations on product innovation, the estimates reported for this type of innovations at farm level should be interpreted with great care. Note: Standard errors in parentheses are robust based on 14 Jackknife replications clustered by region. Values reported refer to marginal effects (at the sample mean based on the Delta method) from the AB DPD Regression. Estimates for yearly effects are not reported. As instruments the variables related to regions, education as well as all other explanatories were used. Robustness of the estimates has been further confirmed by several IV regressions. * significant at 10%, ** significant at 5%, *** significant at 1%. Note: Standard errors in parentheses are robust based on 14 Jackknife replications clustered by region. Values reported refer to marginal effects (at the sample mean based on the Delta method) from the AB DPD Regression. Estimates for yearly effects are not reported. As instruments the variables related to regions, education as well as all other explanatories were used. Robustness of the estimates has been further confirmed by several IV regressions. * significant at 10%, ** significant at 5%, *** significant at 1%. 
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Farm size shows a positive effect on innovation probability: medium and large size farms are more likely to invest in innovation (by about 10% and 18% respectively, compared to small arable farms). The type of milking technology is not significantly linked to the probability of engaging in innovation for a dairy farm. Younger dairy farmers show a higher probability of engaging in innovation activities whereas the type of education seems not to be of direct importance for the engagement in innovation activities. A strong confidence in (short-run) future business and sector developments seemingly increases the innovation probability at dairy farm level (by about 11% compared to farmers without such confidence). However, the opposite effect has been found for arable farmers. Here, short-run business confidence obviously leads to a lower probability of engaging in innovation activities at farm level. This surprising result is somewhat watered down by the positive and significant estimate for the innovation intensity effect by short-run business confidence in arable farming (see below). The regional location of the farm seems important for innovation activities with respect to dairy farms located in Westerlijk Holland, Oost. Veehouderijgebied and ZuidLimburg. Finally, the p-values of the significance tests with respect to the joint significance of demand pull variables, product/process development variables, business confidence, regional location and time related yearly dummy variables indicate their significance for the probability to engage in innovation activities for the dairy farms in the sample considered. These statistical significances are also confirmed for arable farms with the exception of those variables linked to regional location.
The second stage of the structural model delivers estimates for the determinants of how much farms invest in innovation conditional on doing innovation investment at all in the period 2004 to 2014. The numbers reported in the second and fourth columns of Table 2 are again marginal effects for the expected value of the innovation intensity conditional on investing in innovation at all, respectively. Many of the explanatory variables are again binary dummy variables taking the value 1 when the factor is important to the farmer's decision or used in the farm's production process (Table A2 ) and the value zero if it is unimportant or not used. Therefore, the "marginal" effect relates to a change in the binary variable from 0 to 1. By interpreting the estimates it should be noted that the dependent variable (innovation intensity) is now used in logs, hence, the estimates reported for the explanatory variables represent one-unit log changes in innovation intensity for the binary dummy variables and percentage changes for the logged continuous explanatory variables (i.e. assets, off-farm income).
Innovation intensity (measured in resources invested in innovation activities in euros per cow or ha by the respective farm) is found to be significantly higher for dairy farms that develop innovative products and/or processes. Mainly developing own products and processes is resource intensive compared to sharing the cost of innovation activities. The marginal effect by demand pull factors again showed to be significant with respect to regulation and standards related to the production (by about 12% compared to other arable farms for which such aspects are not relevant, again conditional on the mean values of all other explanatory variables). Having access to information on innovation related funding possibilities further increases the probability of investing resources in innovation activities (by about 30% for arable farms). This might reflect the resource intensity of own development activities discussed above. The estimates further suggest that the level of assets (dairy and arable farming) and the level of off-farm income (only dairy farming) positively influence the amount invested in innovation at farm level. Short-run business confidence significantly increases the innovation intensity for arable farms in the sample (by about 30% ceteris paribus) On the other hand, no significant effect has been found for farm size, technology, or individual characteristics such as age and education. Arable farms located in the region Rivierengebied show a significantly higher intensity of innovation activities compared to arable farms in other regions of the Netherlands. Finally, the p-values for the significance tests with respect to the joint significance of time related yearly dummy variables, demand pull factors and process development characteristics indicate their joint significance for the level of innovation intensity. Finally, the insignificance of the estimate for the mills lambda indicates no severe misspecification due to potential selection bias with respect to the (reportedly) innovation active dairy farms in the sample. However, its estimate indicate some misspecification due to potential selection bias with respect to the (reportedly) innovation active arable farms in the sample. The inclusion of the Mills ratio corrects for such potential bias.
The third stage of the structural model gives estimates for the knowledge or innovation production functions reported in Table 3 . The first and fourth columns show the results for production related innovation, the second and fifth for process related innovation, and the third and sixth columns show the results for organisational and marketing innovation. The numbers reported are marginal effects evaluated at the sample means (i.e. changing the value of binary dummy variables from 0 to 1). The marginal effects for innovation intensity (estimate from stage I) are statistically and economically significant for product, process and organisational-marketing (OM) related innovations for both dairy and arable farms (except OM related innovations for arable farming). They suggest that greater innovation investment (per cow or ha) leads to a higher probability of having at least one product innovation (+20% or +3%) and/or process innovation (+75% or +14%) and/or of having at least one OM innovation (+23%). Also, the marginal effects for tangible investment intensity (per cow or ha) are significant with respect to process innovations (to a lesser extent). However, product and OM innovations seem not to be significantly influenced by tangible investment related factors. These estimates indicate the essential role of investments in innovation activities for the production of actual innovative products, processes and/or organisational characteristics. Such innovations are resource intensive which is documented by the relatively high estimates for process (technology) related innovation production.
The ability to protect an innovation through formal or strategic methods (e.g. certification, trademark, plant breeders, patent) shows to be not important for the sample of dairy and arable farms participating in the survey with respect to their production of innovative products. However, one has to keep in mind that other actors which develop and market innovations that are adopted by farmers (e.g. new seeds, new production equipment, etc.) are not part of the survey. Dairy farms in the sample that co-operate with knowledge producing institutions (universities, research institutes etc.) are significantly more likely to engage in OM innovations. Arable farms that co-operate with such institutions are significantly more likely to engage in process related innovations.
Demand pull related factors -environment, safety and health related aspects -positively influence the probability of process innovations for both type of farms. This suggests that innovations in dairy and arable processes (milking, feeding etc. or sowing, harvesting etc.) are significantly initiated by management considerations related to an improvement in sustainability as well as labour cost implications of production. Regulation and standards show no positive (and significant) effect with respect to any innovation production. However, the relationship between consumer concerns on environment, safety and health on the one hand, and regulation on the other hand is likely to be a complex one: in some cases regulations are following as a reaction to consumer concerns, and in others regulation can act as a floor for performance that can trigger the search for innovative solutions. In sum, the statistically significant demand pull related effects on the production of process innovation are positive (i.e. about 4% for dairy and about 5% for arable farming). However, this does of course not imply that additional regulation simply leads to productivity gains per se. Stated short-and long-term business confidence showed again mixed effects on the probability of producing process and product related innovations. However, for dairy processes the positive short-term effect by confidence in business and sector developments/prospects slightly outweighs the negative long-term effect (ceteris paribus), whereas for arable products the negative short-term confidence related innovation production effect is outweighed by the positive effect of long-term confidence. So, keeping the findings from the first stage estimations in mind, having confidence in the dairy or arable operation's performance might help to increase the probability of actually producing a new process or product on the farm. This suggests that a positive outlook in the short-term (dairy) or long-term (arable) is linked to a higher probability of generating sufficient means to invest in new resource-intensive products (arable) and processes (dairy).
The size of the dairy or arable operation showed a statistically significant positive effect on the probability of producing innovations whereas organically producing farms are not more likely to produce innovations compared to conventional farms. The p-values for the significance tests with respect to the joint significance of demand pull related variables indicate a joint significance with respect to process innovations only. Those for the joint significance test of the business confidence related variables indicate such joint significance to a lesser extent for product related innovations. And the p-values for the significance tests with respect to the joint significance of investment related variables in general indicate varying levels of significance for all three dimensions of innovation production and both farm types. Overall, the significance of the second stage estimations is highly satisfactory for process innovation production and to a much lesser extent for product and OM innovation production given the datasets available. This might be related to the essential importance of production technology in primary industries.
Finally, estimates of the link between innovation and productivity from the output production or productivity functions are presented (Table 4 and Table 5 ). The coefficients summarised in Tables 4 and 5 represent elasticities or semi-elasticities since the dependent variables are specified in log form (i.e. the log of output per labour, the log of output per cow, the log of output per ha land, and the log of total factor productivity). To account for the likely endogeneity of production decisions a dynamic estimation procedure is applied allowing for the incorporation of lagged values of the performance related dependent variable. Further it allows considering lagged effects and likely endogeneity with respect to innovation production related explanatory variables. The lagged values of the dependent partial and total performance indicators are highly significant and positive in the case of diary labour productivity and total factor productivity, however, statistically significant and negative for arable related labour and land productivity. This suggests a strong upward trend in dairy farms' productivity but a downward trend in arable farms' productivity over the period investigated . The intensity of tangible investments (to control for farms' capital stock) shows the expected significant and positive effects on arable farms' performance measured by labour and land related productivity, however, a slight negative impact on dairy farms' performance measured by total factor productivity.
Product related innovation shows to increase partial productivity per labour and per cow for dairy farming. Process related innovation has been found to increase labour productivity for both farming types with a certain time lag as well as to increase land productivity of arable farming (lag 1 and lag 2 estimates) and total factor productivity of dairy farming (lag 1 estimate). OM related innovation obviously increases all partial productivity measures: arable farming related land productivity in the current year, dairy farming related labour and cow productivity with a certain time lag. The elasticities of the performance related indicators with respect to innovation production estimates (from the second modelling stage) show a mixed statistical and economic significance throughout the different performance measures tested. Overall, it is evident that process and OM related innovation production lead to the highest productivity gains: dairy farms' productivity most significantly benefits from organisational and marketing innovations, arable farms' productivity most significantly benefits from process related innovation production. In the case of dairy farming labour related partial productivity is most significantly increased by innovation production, whereas for arable farming land related partial productivity is most significantly increased by innovation production.
Other farm and farmer related characteristics are also examined (e.g. size, production system, technology and age of the farm manager). In terms of dairy production technology: the carousel based milking technique increases farms' labour productivity significantly keeping all other factors constant, and the fishbone based milking technique significantly increases farms' cow related productivity. Finally, the elasticities for farm size confirm the existence of economies of scale only to a relative extent. The p-values for the significance test with respect to the joint significance of innovation production related variables indicate such a joint significance for all productivity models. The Wald test with respect to the joint significance of the farm size related variables show a high significance for labour and total productivity (dairy farming) and land productivity (arable farming). Hence, these test results indicate an overall statistical significance of innovation production for modelling dairy and arable farms' economic performance. However, the mixed results with respect to product, process and OM innovation for dairy and arable output production suggest a considerable sensitivity of the performance measure applied with respect to the effect of innovation investment and production as measured by stages I and II.
Conclusions and recommendations
This study delivers empirical evidence on the link between innovation and economic performance at farm level for a comprehensive sample of dairy and arable farms in the Netherlands. Based on an original unbalanced sample for the period 2004 to 2014 which has been generated by a comprehensive annual survey, microeconometric techniques are used to identify and estimate a multi-stage structural model consisting of the innovation decision, the innovation intensity, the innovation production and the output production. Potential selectivity and simultaneity bias is corrected by using a Heckman correction routine and aim to capture dynamics by estimating a dynamic panel data model using lags of the dependent and independent variables. Product, process and organisational or marketing related innovations at farm level, and approximate farm level performance by partial and total productivity indicators depending on the type of production (labour, cow and land based productivity indicators as well as total factor productivity) are considered.
The main empirical findings can be summar ised as follows: demand pull factors mainly due to standards have a strong effect on the farms' innovation engagement and intensity. Environment, safety and health related aspects specifically increase the probability of producing process related innovations at farm level. To co-operate with knowledge producing institutions significantly helps to engage farms in innovation activities. Co-operating dairy farms in the sample are significantly more likely to engage in organisational and marketing innovations. Co-operating arable farms are significantly more likely to engage in process related innovations. Hence, the findings reflect the notion in the relevant literature that the socio-economic environment the firm is operating in is likely to be significant for its innovation behaviour in terms of access to finance, institutional support, cultural values, cooperation with research entities etc.
If farms pursue their own product and process related development activities it can be concluded that these farms are more likely to be engaged in innovation activities as well as show a higher innovation intensity in terms of resources invested in innovation activities. A positive effect of size on the probability to innovate and the probability of actually producing innovations is confirmed by the findings. However, no size effect has been found with respect to the intensity of such engagement. Overall, the study reveals a more positive role of size compared to the literature that states an ambiguous size effect on innovation activities. Further, the age of the farmer matters, but the type of education does not, with respect to innovation engagement and intensity. Finally, overall confidence in business and sector developments increases the innovation intensity at farm level. In addition, such confidence obviously helps to increase the probability of successfully producing process or product innovations.
Regarding the core hypotheses investigated for this empirical study reveals that indeed a greater innovation investment per unit leads to a higher probability of producing at least one successful product, process and organisational and marketing innovation. Parts of the literature that conclude on an essential role of investments in innovation activities (innovation input) for the actual production of innovations (innovation output) are confirmed. Furthermore, the study shows that the production of process and organisational and marketing innovation leads to significant productivity gains adding additional empirical proof for a positive and significant relationship between innovation and farm performance mostly stated in the relevant literature.
With regard to policy implications, it can be concluded that the effective communication of business and sector confidence, and the support of knowledge dissemination by knowledge producing institutions, as well as the support of co-operation of individual farms with such institutions, are primary fields of activity. Furthermore, the building up and communication of demand pull situations based on environmental, safety and health concerns should lead to strong incentives to engage in innovation at farm level. Financial incentives for investing in productivity increasing process and organisational or marketing innovations promise highest productivity gains.
The OECD review on the innovation system in the Netherlands with respect to food and agriculture (OECD, 2015) stresses that the policy environment is one of the most favourable to investment worldwide which holds also with respect to innovation to increase productivity and sustainability. However, scope for further improvement exists in areas such as access to capital, transaction costs related to regulatory procedures, and available funding resources. The empirical findings with respect to the future role of innovation policy in the agricultural sector empirically complements those concerns and reflects the crucial need for evidence based policy making in this area.
Confidence in business related matters (i.e. output and input price developments, security of policy support, animal and crop health issues, probability of external shocks, etc.) should be periodically surveyed and monitored by trustworthy and independent institutes or companies based on transparent and clear categories following peer-reviewed survey techniques. The results of such confidence monitoring should be timely and effectively communicated to farmers and related dairy and arable supply chain actors (e.g. by market outlook briefs). It might be therefore a primary policy option to build up and maintain such a survey and documentation system for different agricultural and food sectors helping to encourage investments in innovations at farm level by transparently documenting perceived future investment and innovation gains as considered by the majority of sectoral players at a given point in time. The OECD 2015 Dutch innovation system review report stresses the need for policy to strengthen incentives for innovation by continuing to provide information on current and future opportunities and challenges in the agri-food sectors.
Knowledge producing institutions (e.g. universities, basic and applied research institutes, technology supplier related R&D departments, etc.) should be supported in the process of disseminating their innovation related findings and recommendations. Publicly funded research institutes should be required to spend a significant amount of their overall budget on dissemination related output periodically evaluated by independent experts in the field. Private R&D departments at firm level should be able to compete for additional public funding for such dissemination related actions. Furthermore, co-operation of individual farms with such knowledge producing institutions has to be considered at the centre of the innovation knowledge dissemination process. Specific programmes managed by public agencies to maintain an ongoing dialogue between innovation users (farms, firms) and innovation designers (universities, basic and applied research institutes, and private consulting companies) should be established. Periodic conferences and workshops based on innovation networks would help to accelerate such co-operative innovation efforts. These recommendations are in line with the latest OECD review of the Dutch agricultural innovation system (OECD, 2015) where the further improvement of capacities and services for innovation especially with respect to facilitating labour mobility and on-the-job training as well as strengthening linkages between educational systems is highlighted.
Demand side pressure with respect to the introduction and consideration of environmental, safety and health concerns related to products, processes and organisational or marketing innovations seem to significantly stimulate innovation engagement and activities at farm level. A crucial role for policy engagement therefore might be to effectively support the communication of such concerns to the farm business community. This relates to the channelling of such discussions (e.g. animal welfare considerations) via the organisation and financial support of discussion forums and the active engagement of farmers and industry focused interest associations. The OECD report (2015) concludes that the capacity of farmers to participate in the agricultural innovation system (farm advisory, producer groups etc.) has to be further increased. Policy should therefore strengthen the links between agriculture-specific innovation systems and related areas (health, environment). However, policy support should predominantly focus on market oriented measures aiming at increasing transparency. This notion is empirically supported by the insignificance of regulation push based factors with respect to farms' innovation engagement and innovation intensity revealed by the quantitative analyses. The OECD report on the Dutch agricultural innovation system (2015) also stresses that the existing policy mix of regulation, financial incentives, and market-based mechanisms has to be improved to foster also eco-innovation. Further, a crucial role of the government is seen in shaping the research agenda towards an increasing consideration of longer-term and public good concepts.
Finally and crucially, the survey and documentation of innovation behaviour at farm level in different sectors is the base for the production of empirical evidence based on quantitative methods. The OECD report (2015) concludes that innovation adoption should be continuously monitored and evaluated. However, to be useful for evidence based policy making such robust empirical insights are crucial and should be produced by state-of-the-art statistical instruments. Such surveys should be based on the general guidelines of the Oslo Manual and be conducted periodically to enable analysts to shed comparative empirical light on the relationship between innovation engagement, intensity and economic performance in a dynamic perspective.
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The availability of longitudinal data on innovation will allow researchers to more effectively control for unobserved heterogeneity at farm and firm level and also allow for separate estimations of innovation models for different groups of farms/firms (e.g. along size considerations). However, structural dynamic models of innovation adopting the CDM framework are currently the gold standard of empirical innovation research based on microeconomic concepts and microeconometric tools. Principles and recommendations as well as concrete advice on questionnaire design with respect to good practice based innovation surveys can be found in Mairesse and Mohnen (2010) . They nevertheless stress that a gap between more sophisticated innovation survey data and policy needs will remain. There are promising attempts in this direction as e.g. the key findings of the recently completed FLINT project show (see, for example, Poppe et al., 2016) . However, statistical and econometric modelling and analyses should be regarded as the primary candidate able to -at least partly -close this gap in the near future in order to foster evidence based policy making.
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